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Abstract

This paperaddresseshe problem of reconstructingsurface modelsof in-

doorscenedrom sparse3D scenestructurecapturedrom N cameraviews.
Sparse3D measurementsf real scenesare readily estimatedfrom image
sequencesising structure-from-motiortechniques. Currently thereis no
generalmethodfor reconstructionof 3D modelsof arbitrary scenesrom

sparsedata.We previously introducedan algorithmfor recursve integration
of sparse3D structureto obtaina consistentmodel. In this paperwe fo-

cuson incorporatinguncertaintyinformationinto modelto achieve reliable
reconstructiorof real-scenefn the presencef noise. A statisticalgeomet-
ric framawork is describedhat providesa unified approacho probabilistic
scengeconstructiorirom sparseor evendense3D scenestructure.

1 Intr oduction

An importantproblemin computervision is the reconstructiorof 3D modelsof complex
rigid scenedrom monocularimagesequencesPrevious researchaimedat constructing
3D modelshasaddressethe problemof reconstructiorirom dense3D surfacemeasure-
mentscapturedusingactive rangesensorg1, 12, 2] or multi-baselinestereo[4]. Volu-
metric techniqueshave beenwidely usedto achieve reliable reconstructiorof complex
objectq 1] andervironmentq2, 11]. Methodsfor reconstructiorirom densedataassume
thatthedistanceébetweeradjacensurfacemeasurementsanbeusedto estimatehelocal
topology of the 3D surface. This assumptions not valid for interpolationof sparse3D
data.

Model reconstructiorfrom sparse3D dataof arbitrary geometrysceness an open
problem. Faugeraset al.[3] addressedhis problemusing 3D Delaunaytriangulation
(tetrahedralisatiom)f asetof imagefeaturesogethemith their visibility for eachcamera
view to constructa volumetricmodel. The principallimitation of this approachs theas-
sumptionthatthe entirefeatureis visible which prohibitspartial occlusion.Furthermore,
thisis abatchmethodwhich requiresall the 3D structureprior to reconstruction.

RecentlyKutulakosand Seitz[5] presentec generaltheoryof N-view shaperecov-
ery. The principalassumptiorof their approactis thatalocally computableconsisteng
criteriais availableto testpoint correspondenci multiple views. In imagesequences
of real-scenesuchasindoor ervironmentsiack of surfacetexture will resultin arecon-
structionwhich deviatesconsiderablyfrom thereal surface.

In this paperwe addresshe problemof reconstructingsurface modelsfrom sparse
3D scenestructurecapturedrom N cameraviews. In particularwe focuson incorporat-
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ing uncertaintyinto the reconstruction.A geometrictheorythat provably convergesto
a correctreconstructiorof the real surfacesin the 3D sceneasthe numberof processed
viewsincreasefasrecentlybeenpresented6]. In this paperwe extendthis approachy
introducingan algorithmthatexplicitly considergheerrorsinherentto arealvision sys-
tem. The algorithm presentegrovidesa unified approacho scenereconstructiorfrom
ary availablesparseor evendense3D scenestructure.

2 Real SceneReconstruction

The goal of our work is to develop an automaticsystemfor scenereconstructiorfrom
imagesequencesln this sectionwe presentthe algorithm developedfor scenerecon-
structionfrom a sequencef images.

Imagesare capturedusinga cameramountedon an autonomousnobile robot plat-
form. This systemcapturesa sequencef imagesof anindoor scenewith approximately
known cameragpositions. A recursve structure-from-motio(SFM) algorithm[9] is ap-
plied to estimatethe 3D locationand uncertaintyfor the sparsescenefeaturestogether
with thecamergositionandorientation.A sparsdeaturebasedsFM algorithmhasbeen
usedfor computationakfficiency of reconstructiorfor long imagesequencesPointand
line featuresareusedin thiswork althoughthe approachalsoextendsto higherorderfea-
tures. The SFM algorithmincorporatesonstraintdbetweerfeaturessuchascoplanarity
andsurfaceperpendicularityto increaseeconstructioraccurag if informationonfeature
groupingsis available.Furtherdetailsof this systemareprovidein [10].

2.1 Algorithm Overview

From eachframethat SFM processesa setof sparse3D featuresF’ = {f; Z].V:fo is com-
puted. Eachof thesefeaturesf; which is visible in the j** view taken at position 7;
definesavisibility constraint;; asfollows:

Definition 1 (Visibility Constraint :) The spacebetweenthe view positiond; and
thescendeaturef; is notoccupiedby an(opaque)pbject.

Thereal3D sceneviewedin frame;j canbeapproximatedy a setof planartriangular
surfaceprimitivesM = {ti}fit; which spanthe spacebetweerthefeaturesWe canthen
definea consistentmodelasa setof trianglessuchthatnoneof its trianglesintersectary
of the visibility constraintsn C' = {¢;}<,. For asingleview a consistenmodelcan
be constructedy a constrainedriangulationin a planeorthogonalto the view direction
asthe orderof featureprojectionsin the planeis preseredwith respecto their relative
orderingin 3D space.

In generalhowever, for multiple views of a 3D scenethereis no single 2D planeto
which the scenefeaturescanbe injectively projectedwithout reorderingof the features
F. Thealgorithmdevelopedis thusbasedon recursve integrationof the setof feature
dataF;, andfeaturevisibility constraintsC;, for eachnew cameraview. The algorithm
canbe summarisedy thefollowing steps:

1. Build aninitial model M, by using constrainttriangulationon the setof features
Fy reconstructedrom thefirst view.

2. Foreachnew view i,7 > 0
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(a) Updatethe 3D positionof featuresn M;_; for whichanewvw measuremeritas
beencomputedesultingin M.

(b) Build aconsistentmodelfor theit view M!’, by constrainedriangulationof
thevisible featurest;, in a planeorthogonalto theview direction.

(c) Integratenon-redundantrianglesfrom M/ into M/ yieldingto M.
(d) Eliminatetrianglesin M; thatviolatetheviewpointsvisibility constraint<;

For a closedscenewith afinite setof featureswe have shown [6] thatthis algorithm
will cornvergeto a reconstructiorof the real scenesurfacesasthe numberof views in-
creasesAn underlyingassumptionn this algorithmhowever s thatno significantnoise
shouldexist in the 3D data. However, in our systemnoise may be causedby several
sourcesjncluding cameracalibration,robot odometry featureextraction,matchingand
3D reconstructionlt is thusessentiato useestimate®f the uncertaintyfor our 3D mea-
surementsgn orderto produceareliablesystem.

3 Reconstructionwith Uncertainty

This sectionpresents probabilisticframework thatutilisesuncertaintyon our geometric
featuresto make our systemmorerobust. In particularwe focuson the update(2a) and
visibility (2d) processesf ouralgorithm,asdescribedn the previoussectionthatappear
asthemostsensitve to noisymeasurements.

First we describethe underlyinggeometricprobability assumptionand we give an
uncertaintyrepresentatiorior both 3D points and lines. Basedon this foundationwe
subsequentlgxtendthe updateandthevisibility processeto explicitly considemoisein
themeasuremergstimates.

3.1 Geometric Uncertainty

An estimatedyeometricobjectcanbe consideredas a randomvariabledescribedby a
vectorp which consistsof the variablesthat we have chosento parameterisét. Thus
we candefineits probability densityfunction (pdf) f(p) asthe probability of the specific
objectp in thecorrespondingparametespace.n this sensegeometricuncertaintycanbe
treatedusingclassicprobability theory.

In practicewe do not have an explicit pdf becausave arenot ableto modelall the
sourcesof errors. However, a reasonablessumptions that the pdf is Gaussian.This
assumptiorcanbejustified if noiseis causedy alarge numberof independensources
from the centrallimit theory Thereis alsoa practicaljustificationfor choosingthe Gaus-
siandistribution suchthatit canbefully specifiedby thefirst andsecondorderstatistics
which arethe only informationthatwe wantto propagateéhroughthe system.

This characteristids very usefulbecause¢hetransformatiorof a pdf reducedo thatof
transformingits meanandcovarianceasary lineartransformatiorof a Gaussiamandom
vectoris Gaussiaraswell [14]. In particular if p is a Gaussiamandomvectorwith mean
p andcovariancematrix P, andassumea transformatiork=Ap+b of p thenx will bea
Gaussiarvectorwith

X=Ap+b

1
P, = AP, AT @)
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A propertyof geometricuncertaintyis that a physicalrepresentatiortan be given
to randomvariables. For a 3D point its covariancecan be visually describedwith an
ellipsoid. Assumea point x with covariancematrix P, andmeanX. Thenit canbe
shavn [15] that (x — X)TP, ! (x — %) = k? is anellipsoid centredat X thatboundsthe
volumeinsidewhich we expectz to lie with a probability specifiedby k.

In our systema 3D line is definedby its endpointsx;, x2 combinedto a vector
x = (x1x2)T. Howeverwe areusingaminimal representatiowith 4 degreesof freedom
[8]. Thisresultsin a 3x3 covariancematrix (for eachpoint) with thenull spacealongthe
line direction. Theuncertaintyover eachendpointcanberepresentewith a 2D ellipsein
theplaneperpendiculato theline orientation.

Having this representatiome wantto getan estimateof uncertaintyfor eachpointp
alongtheline segmentx. To achieve this we canusea linearinterpolationscheme.We
canthenrepresenp as

P=x1 +)\(X2 —Xl) (2)

If we think of equation(2) asa lineartransformatiorof x in theformp = A(x) where

1-X 0 0 A 00
A=| 0 1=X 0 0 X 0| =(1=NI|AD 3)
0 0 1-X 0 0 A

thenaccordingto (1) themeanandcovariance(x, Pp) will be

Py=[(1- NI Al [1;1 132] [(1 ;IA)I] = (1- \2P; + 2P,

(4)
X =(1-MX1+ X

whereP; and P, arethe covariancematricesof x;, x2 respectiely.
Equation(4) is quadraticrelative to A which meansthat the uncertaintyervelope
arounda 3D line canbe visualisedasanelliptic hyperboloid.

3.2 Model update basedon uncertainty

The sourcef errorthroughoutthe imagecaptureandthe SFM resultin noisy input 3D
datato our modellingsystem.Our reconstructiorprocesss recursve andfor every new
imagewe updateeachfeaturein the existing modelbasedon the new obsenations. This
sectionpresentiow uncertaintycanbe utilisedto make featureupdaterobustto noise.

Theinitial stepof the updateprocessnvolvesidentifying outliers. Our approachs
to checkthat eachmodel’s 3D line lies inside the uncertaintyenvelopeof the new line
estimate.In this way we checkthat both the distanceandthe relative orientationof the
two lines are consistent. Another criterion used[15] requiresthat both 3D segments
sharea commonpart. Thesetestsare suficient to ensurethat no false measurements
are propagatingo the featureintegration process.Considerthe caseof Figure 1 where
x = (x1,X2) is the new estimatefor the line andp = (p1,p2) is the modelline. The
initial stepsof thealgorithmcanthenbesummariseds

1. Projectp; ontothenearespointonthemodelline definedoy x to obtainx, = (xXp1,Xp2).

2. Checkthatsegmentsx, x, shareacommonpart.
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Figurel: Featureupdateprocess.Ne line measurement checledfor consisteng and
combinedwith correspondingnodelline p

3. Computethe uncertaintyellipsefor eachxp; usingequation(4).

4. Testwhetheror not p; lies insidethe ellipse of the correspondingp; point. (p;
lies onthe sameplanewith theellipsebecaus;z,; - 71,75 = 0)

Eachnew consistentine measuremenshould subsequentlype combinedwith ary
existing correspondindine estimateand integratedto the global 3D model. Thereare
two requirementshatthis processshouldmeet. First the covarianceat the endpointsof
the resultedline shouldbe lessthanthe covarianceof the endpointsof the lines from
which it hasoriginated.Secondhe new line shouldnot be smallerthaneitherof the two
integratedsegments.

The approactusedis basedon the Kalmanfilter equationsandis similar to [13] ap-
pliedfor merging parallelaffine transformationsinderuncertainty Consideringagainthe
caseof Figurel assumehatl is theresultof meming p, x. Also assumehatP;, P, and
P, aretheircorrespondingovariancesindl, p andx their means ThentheKalmangain

will beK = Py * (Px + Pp)~! andthe covarianceandmeanof 1 are:
P,=P,-K=xP,

- _ (5)

I=x+K=x*x(Pp—-X%)

If x,p are Gaussiardistributed with white noisethen equation(5) is the maximum
likelihood estimatewith variancelessthanary otherlinear unbiasedestimate[7]. The
integrationpartof thefeatureupdatealgorithmis

1. Identify thegreatessggmentthatcanbeformedfrom x;, xp;. (k = (X1, Xp2)).

2. Shift eachof the two intermediatepoints(xp1, x2) alongtheir correspondingdine
until they coincidewith theendpointof k (p1 — px1,X2 — Xp2).

3. Extrapolatehe covariancedor px1,xp2 usingequation(4).

4. Combinesegments(px1, p2) and(xy, Xp2) usingequation(s).
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3.3 Visibility testwith uncertainty

The visibility of featuresfrom our currentcamerapositionrelative to the reconstructed
modelis a powerful tool for testingthe consisteng of our model. However, noisein
the datacanresultin rejectionof hypothesisedriangleswhich actually correspondo
real scenesurfaces. This makesthe original algorithm’brittle’ in the presencef noisy
measurementsThus visibility shouldbe appliedwith cautionand consideratiorto the
uncertaintyof boththemodel'strianglesandfeatures.

Our reconstructiorschemadescribedn section(2.1) is basedon the assumptiorthat
for eachframei theresultantmodel M/; is consistent Eachfeaturef; in framei defines
avisibility constraintwhich shouldbetestedagainst);. To accountfor the uncertainty
in the measuremerdatawe give a new definitionfor thevisibility checkthateliminates
triangleswhichwe are‘confident’ thatviolate thetestnot dueto noise.

Definition 2 (Visibility constraint with uncertainty) : Thespacebetweerthe cam-
erapositionandthe volumetricuncertaintyenvelopeof the featureshouldnot intersect
with ary of themodel'strianglesuncertaintyvolumes.

In this sectionwe presentthe processof applyingvisibility for a 3D point against
the reconstructednodel. Visibility for linesis a direct extensionfor eachof their two
endpoints.The first stepis to testfor 2D overlapsbetweenthe featureandthe model's
trianglesin theimageplane.Any identifiedtrianglesshouldthenbechecledfor visibility .
Considerthe caseof Figure2(a)wherepoint p; liesinsidetrianglet; in theimageplane
while p, t aretheir 3D estimatesespectiely. For the caseof line visibility we perform
thesame2D testfor bothof its endpointsandto eachidentifiedtrianglewe associatéwo
entrieswhich correspondso eitherthe intersectionpoint of the 2D line with oneof the
triangle’'s edgesor theline’s endpointwhichis boundedoy thetriangle.

Model Triangle p Model Triangle

Image Plane - v

Image Plane

Figure2: Onedimensionalvisibility test. (a)Model’s trianglesand featuresare tested
for 2D overlapin theimageplane. (b)Representationf 1D varianceof p, p; alongthe
projectionopticalray.

Implementatiorof the visibility checksaccordingto Definition 2 involvesintersec-
tionsbetweerhigherordersurfacesn 3D for whichit is alsovery difficult to computean
explicit equation.Thereforewe approximatehis testby reducingthe searctspaceto 1D
by 'projecting’ theuncertaintyonthe 3D line from thecamerao thefeature.Considethe
3D line r originatingat the cameracentrec andpassinghroughp;. If we backprojectr
againsthe planeformedby the 3D trianglet we getpoint p;. Collinearto this3D line is
alsothe 3D pointp (Figure2(b)). If py = (pv1, Pv2) is thesegmenton r which depicts
thevarianceof p alongthisline andrespectiely t, = (tv1, tv2) thesegmentfor p; then
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Definition 3 (One dimensionalvisibility testwith uncertainty) : Theline sgment
betweerthecamergositione andthefurthestestimateor the positionwherethefeature
lies ty2 shouldnot overlapwith ary sggmentprojectionof a modeltriangle’s variance
ontothe opticalray line.

The problemthusreducesto the computationof the 1D variancesfor both p andpy.
However, while thedistribution (p, Pp) for p is known p; canbeary pointinsidetriangle
t. In thefollowing sectionwe describea representatiofior triangleuncertaintyandhow
to interpolatethedistribution of arny pointinsideit from thedistributionsof its vertices.A
methodfor computingthe meanandvariancealongaspecificlD (line) directionin space
is subsequentlpresented.

3.3.1 Triangle Uncertainty Representation

A trianglecanbe fully describedby its vertices. Using barycentriccoordinatesve can
interpolateary pointthatliesinsidethetriangle. Assumetrianglet = (x1,x2,x3) anda
pointp; onthetriangle.We canthenexpresspy in barycentriccoordinatesgs

pt =ux; +vxa+ (1 —u—v)xs (6)

whereu, v € [0,1]. If we treateachof the triangle’s verticesas 3D pointswith known
meanandcovariancethenfollowing the samereasoningve usedin section(3.1)for lines
we canexpressthe meanandcovariance(p,, Pp,) Of every pointonthistrianglerelative
to themeanandcovariancesf its vertices(x;, Px,) as:

ﬁt = uXj + vXs + (1 —-—u-— V)ig (7)
Py, = uZPy, + v2Py, + (1 —u—v)2Py,

3.3.2 From 3D to 1D distribution in space

This sectionaddressethe problemof computingthe meanandvarianceof a pointalong
a 3D line directionif its 3D distribution is known. We considerthe exampleof Figure
(2(b)) andfocuson computingthe segmentp, = (pvi1, Pvz) Whichindicateswith some
specifiedconfidencénow pointp canmovealongtherayr. In realitythe3D pointp does
notlie exactly onthe examined3D ray r becausdt is our estimateof thethetrueposition
in the scene.Insteadwe have an ellipsoid which indicateswherethe actualpoint lies in
3D spacewith someprobability. Considerthis ellipsoid asa cloud of possiblepositions
for the scenefeatureandprojecteachof thesepointontor . Every pointm ontheline
canbeexpressecism = ¢ + Av wherev is theunit vectoralongr.

We canestimatehe sggmentp,, by examinationof thedistribution of A for the setof
projectedpoints.It canbe shavn thatfor eachpointx projected A will be
v-(c—x)

A= TE ®

If we considerequation(8) asalineartransformatiorof x to A thenbasedn equation
(1) themean) andthe covarianceP , of A will be

X — vc—

Ivi®

©9)
Py = (=v/[IVI*)"Px(=v/II¥I?)
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wherex = p themeanof distribution of pointsin theellipsoidandPx = Py, the covari-
ance. Using equation(9) we considerthe point m = ¢ + Av asthe meanpoint of the
segmentp, andpv1, pv2 aredefinedleft andright of m in distanceP .
For the 3D point p; onthetrianglewe useequation(6) to computethevaluesof u, v.
Its 3D distribution canthenbe computedusingequation(7). Usingthe samereasoning
with p we computethe 1D variationsegmentt, = (ty1, tv2) alongthe opticalray.
Having computingbothp., t we thenapplyvisibility accordingto definition 3.

4 Results

This sectionpresentsesultsof applyingthe recursve reconstructioralgorithmto sparse
3D structurefrom both real and syntheticimage sequences.The sequencesre from
simple3D scenesvhich containmultiple objectssuchthatthe entirescends notvisible
from a singleviewpoint.

Resultsfor a syntheticimage sequencef 25 imagesare shovn in Figure3. The
sequencés of two cubespnein front of the otherandthreeperpendiculaplanesbehind.
In theinitial framethesmallercubeis completelyoccludedbut asthe cameranovesfrom
left to right becomewisible. Ourreconstructedhodel(Figure3(b)) approximateshereal
scenesurfacesclosely However, several peaksare formedfrom the triangularsetsthat
correspondo mostof therealplanes.

Our probabilisticintegration weights eachestimateaccordingto its uncertaintyso
thattheinfluenceof a singlemeasuremerdoesnot significantlyaffectthe model. Figure
3(c) presentgshe modelreconstructedvith the proposedipdateprocess.To measurghe
improvementover thereconstructionwe fitted a planeto eachsetof pointsthatbelongto
the sameplanein the real sceneand computethe meanandthe varianceof distances A
comparisorof the planemeasurement®r the new schemeover the equalweightupdate
oneis presentedn Figure(5a).

Resultdor areal-imagesequencef 10framesareshownn in Figure4. Thescends of
the cornerof aroomwith several occludingobjects. The reconstructednodels(Figures
4(b), 4(c)) clearly approximatethe real scene. Figure (5b) againillustratesthe mean
andvarianceof distanceof pointsfrom their correspondinglanes.Althoughthereis an
improvementin reconstructiorof mostplanesfurther evaluationof the possiblesources
of errorsshouldbe madefor realscenes.

5 Conclusions

This papempresents geometricstatisticaframawork for usinguncertaintyin a3D indoor
ervironmentreconstructiorsystem.In particularwe describedhe formulationfor prop-

agatinguncertaintythroughour recursve algorithmfor scenereconstructiorfrom sparse
data.Resultsfrom bothrealandsyntheticsequencedemonstratetheimportanceof ex-

plicit uncertaintyconsiderationThe useof uncertaintyenables:a)incrementalipdateof

the modelbasedon the statisticaldistribution of featuresandb)therobustvisibility con-

straintteststo eliminateinconsistentriangles.Furtherwork is requiredto fully evaluate
the reconstructioraccurag androbustnessn the presenceof measurementincertainty
andfeaturemismatchesn realervironmentsequences.
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Figure3: (a)[Top] Synthetichox sequence(b)[Bottom-Left] Reconstructedhodelusing
equalweighsin featureupdate. (c)[Bottom-right] Model using the statisticalweights
update.

Figure4: (a)[Top] Realsequencérom aroomcorner (b)[Bottom-Left] Texturedrecon-
structedmodel. (c)[Bottom-right] Wireframesuperimposedn the model.
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Figure 5: Comparisonof mean and variance of points from their corresponding
planes.(a)SynthetiBequence(b)Reallab sequence
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